This paper presents qualitative and quantitative analyses of the action of points, a critical component of railway networks. They allow diagnostic and prognostic evaluations of the points using health monitoring systems, i.e. they allow the state of the system at a desired moment to be evaluated and the forecasting of the future condition of the system. The main objective is to increase the reliability, availability, safety and maintainability of these systems. A novel approach for maintenance management based on fault tree analysis is proposed. A binary decision diagram (BDD) approach is proposed for the qualitative analysis of the fault trees. The BDD obtains a Boolean expression for the fault tree. An optimal ordering of events is required in order to obtain an efficient conversion from a fault tree to a BDD, with the AND method being used for this purpose. Each event is classified based on its importance to the fault tree. It is studied using the Birnbaum and Criticality importance measures, using the Boolean expressions in order to perform accurate diagnostics and valuable prognostics on the state of the system. The presented approach allows the failure probability of the system to be determined along with importance measures obtained by considering variable time increments, e.g. shorter periods at the beginning and end of the life cycle of an event. A real case study on a set of M63 points is presented. The results provide useful information that can be used to support operations and the planning of maintenance tasks. The approach creates a methodology to establish effective maintenance planning, as it is a flexible and simple method that takes into account a nonlinear system that leads to an optimal allocation of resources. Finally, the conditions for an optimized online decision-making process are achieved.
Introduction
A train can move from one track to another only at certain places and by using a mechanical device called a 'turnout'. The turnout has moving parts, called switches (US: blades), which steer a train in one of two directions, normal (straight through) or reverse. The locking devices for the switch blades are used to ensure the correct and safe operation of points.
The research performed on the operation of points is insufficient if one considers the terrible consequences of a failure of a set of points, for example, the accidents at Potters Bar in 2002 and Grayrigg in 2007. The objective of automatic detection, 1 failure analysis and diagnosis, 2 or wear assessment, 3, 4 is the use of condition monitoring equipment to analyse the various operating profiles, some of which can considerably vary when switching from either normal to reverse or reverse to normal directions, especially if faulty. 2, [5] [6] [7] [8] The operating force profiles of these mechanisms under even normal, fault-free operation are not particularly repeatable. Even from hour to hour, and certainly day to day, changes in environmental conditions (such as humidity or temperature) will mean that the profiles will differ from operation to operation. From month to month, continuously varying amounts of wear in the components, all of which may at particular maintenance intervals be lubricated, reset or replaced, means that one profile cannot be expected to be the exactly the same as another one.
Approximately 55% of the failures of railway infrastructure components on high-speed lines occur on signalling equipment and turnouts. The term signalling equipment covers signals, track circuits, interlocks, automatic train protection (ATP) or track-loop-based ATP and the traffic control centre. The annual cost of maintaining points is high compared with other infrastructure elements, about £3,400,000 per year for about 1000 km of railway. TC-TCR trade circuits, for example, £2,100,000 per year for the same track length. The expenditure on points can be broken down into £1,200,000 for clamplock-type (hydraulic) turnouts and £1,400,000 for electrically operated turnouts (data provided by a UK asset manager).
Most standard point machines (see Figure 1 ) contain a switch-actuating system and a locking mechanism that includes a hand-thrown lever and a selector lever to allow operation by power or hand. The mechanism is normally divided into three major subsystems:
. the motor unit, which may include a contactor control arrangement and a terminal area; . a gearbox consisting of spur-gears and a worm reduction unit with overload clutch; . the dual control mechanism as well as a controller subsystem with motor cut-off and detection contacts.
Generally, there are also mechanical linkages for the detection and locking of the points. The standard set of railway points is therefore a complex electromechanical device with many potential failure modes.
The circuit controller includes detection switches and a pair of snap-action switches to stop the machine at the end of its stroke and to stop the motor so that the mechanism is not subject to impacts. The detection switches have high-pressure wiping contacts made of silver/cadmium oxide or gold and they are operated by both the lockbox and the detection rod. The detection switches have additional contacts to allow mid-stroke short-circuiting of the detection relays to avoid wrong indications in the signal box or electronic interlocking. This paper proposed a novel approach to identify the critical components of the point mechanisms online, based on the probability of a fault of each component over a time period and the creation of a fault tree of the mechanism. The study is based on a real case study performed by a consortium consisting of Sheffield University (UK), Castilla-La Mancha University (Spain) and Balfour Beatty Rail (UK).
Fault tree analysis and binary decision diagrams
A fault tree (FT) is used a graphical representation of the logical relationships between the main elements of the point machines. The FT considered in this paper consists of the following events and logic gates:
. the top event is the most undesirable event and it is allocated to the highest level of the tree; . the basic events (e i ) are the basic faults and they are represented as a circle at the end of each fault; . the intermediate events (g i ) are represented in the FT by rectangles that act as logic gates and they are used to connect events; AND gate: the coexistence of all input events to this gate are required to produce the output event;
OR gates: at least one of the input events is necessary at these gates to produce the output event.
The analysis of a complex system can result in thousands of combinations of events, or cut-sets (CSs), that can cause the failure of a system. The determination of these CSs can be a large and time-consuming process, 9 even for modern high-speed computers (NP-hard problem) and thus approximation techniques have been introduced in order to solve the problem with an inevitable loss of accuracy. 10 In this paper a binary decision diagram (BDD) is proposed to obtain the probability of the top event of the FT. Figure 2 presents a FT composed of seven nonbasic events and nine basic events. It shows that the event e7 is an important failure event as it is directly related with the system failure, i.e. if e7 occurs, a system failure will occur.
When the FT consists of a large number of events, there are various alternatives for a direct FT analysis. A direct analysis will be performed in this paper by use of a FT to BDD conversion.
BDDs were introduced by Lee 11 and popularized by Akers, 12 Moret 13 and Bryant.
14 It allows an analytical expression to be obtained that depends on the occurrence probability of every single basic event and the logical structure of the FT. 15 Further information about BDDs can be found in Garcia and Escobar.
16 Figure 3 shows the structure of the BDD obtained from the FT shown in Figure 2 , it depends on the ordering of the events, that is to say, each different event ordering results in a different BDD.
The paths that start from the top event to a terminal 1 vertex provide a state in which a failure will occur. These paths determine the CSs, in this case 14 CSs (Figure 3 ). The probability of the top event (Q sys ) can be calculated as a function of the probabilities of the events (q i ) as follows The size of the BDD and the CPU runtime depend on the ordering of the variables. Different ranking methods can be used to reduce the number of CSs, and consequently, to reduce the CPU runtime. 17, 18 There is no direct method that can be used to create the minimum size of the BDD in all cases. The ordering method to rank the events that is used in this paper is the AND method, a heuristic approach that orders the variables based on the number of AND gates and the relations between them. 17 
Diagnostic-based maintenance
Diagnostics concerns the evaluation of the state of a system at a certain time. It is performed in this paper using importance measures (IMs) to rank events and to show their relative importance to the top event probability. The IM methods used are the Birnbaum and Criticality approaches. 16, 19, 20 The Birnbaum IM provides a value for the relationship between the probability of a system failure and an event. It is defined as follows is the Birnbaum IM value of event i. It represents the probability that the system is in a critical state such that the occurrence of event i causes a system failure, Q sys is the probability of the occurrence of the system failure and q i is the probability of the occurrence of event i. Figure 4 shows the Birnbaum importance value obtained for each event using the probabilistic values given in Appendix 1, together with the FT described in Appendix 2. The FT was obtained from a previous research project performed by one the current authors. [5] [6] [7] There is no previous context in which to explain the data set calculated in this paper using a simulation approach, as the objective of this paper is to propose a novel methodology to analyse and optimize the prognostics, diagnostics and maintenance tasks. There is an important difference between the IMs of the events. It is recommended to use diagnostics tasks to identify events with a higher importance as this will lead to an increase in the accuracy of the diagnostics and, consequently, improved assignment of facilities to maintenance tasks, optimized costs, an increased reliability, etc.
The main disadvantage of using the Birnbaum IM approach is that it does not consider the probability of an event, i.e. it overstates the importance of events with a low probability of occurrence (called rare events).
Criticality IM takes into account the occurrence probability of events, defined as where
is the Criticality IM of event i. It represents the probability that event i is critical for the system and that the event occurs when the system has a failure. In addition, q i is the probability assigned to event i and Q sys is the probability of the occurrence of a system failure. Figure 5 shows the Criticality IM of all the events using the input probabilistic values from Appendix 1 and the FT shown in Appendix 2.
The differences between Figures 4 and 5 are due to the probabilities of the occurrence of the events. In Figure 5 , rare events are not taken to be major events. The rare events can be identified by evaluating the difference between the Birnbaum and Criticality IMs. The quantitative results of an analysis of the IM are only used to classify the events, and these are then used for prognostic evaluation and diagnosis of the system.
Prognostic-based maintenance
Prognostic-based maintenance allows the anticipation of the occurrence of a fault. The objective in this paper is to support the management of maintenance actions by providing the necessary information in order to schedule maintenance tasks.
The probabily functions for each event are: 16 . constant probability
. exponential increasing probability . linear increasing probability
. periodic probability
. ., l 4 0, and 4 0 determines the period.
Appendix 3 shows the values assigned to the parameters of the probability functions for each event listed in Appendix 1. Figure 6 plots the probability distribution of a fault for each event as a function of time. These data were randomly generated for each event in order to be able to perform simulations of the state of the system as a function of time, however, the probability functions were set by the authors after considering the engineering interpretation of each event. For example, the event e2 is considered to be a linear increasing probability of occurrence over time, as it is assumed that wear is constant, and e11 has a constant probability, i.e. oversized holes or undersized bolts always have the same size. These functions allow the probability of the failure system as a function of time to be calculated using a FT approach. It is important to note that in this paper, the probability function for each event is not optimal. The probability function of each event should be obtained by condition monitoring, statistical analysis, etc. The main purpose is to present an approach for analysing the Q sys by considering a stochastic system.
The fault probability of the top event will increase over time if maintenance actions are not performed, according to the data shown in Figure 6 . An event with an occurrence probability assigned as being periodic is set to zero in each period. Figure 7 plots the probability function of the top event as a function of time; it displays a general rising trend. The reason why it is not always rising is due to the events with a periodic probability function. This probability was obtained for 50 samples. The curve in Figure 7 can be used to perform a prognostic evaluation, to fit the operations thresholds, etc.
The dynamic analysis proposed in this paper can facilitate the creation of effective maintenance planning based on the probability of a system failure over time. This means that the reliability of the system can be maintained.
This paper uses the IMs in order to classify events based on their relevance in determining the state of the top event at a certain time. Figure 8 shows the Birnbaum IMs calculated for all samples and all the events detailed in Appendix 2. It allows the critical events at each time point to be identified and these can be considered in the diagnostics and prognostics procedures. For example, the event e120 shows a low Birnbaum IM value compared with the event e59. The difference between them grows over time, i.e. the event e59 is more critical for system operation.
The most important information from this study is the ranking of the events as a function of time, this allows a diagnostic analysis of the state of the top event, e.g. it helps operators to optimize maintenance tasks and the relevant costs as they now know the critical events occurring at a particular point in time.
The methodology used in this paper allows the time increment to be a variable. This feature can be useful when the system needs to be studied in detail at specific time points. Figure 9 shows the Criticality IM for all the events, considering the probability of an event at each point in time. Different trends can be observed, e.g. the event e59 initially presents a rising curve that subsequently falls. However, the event e120 presents a constant trend. When an event is analysed, the probabilities of the remaining events are less important than is the case for the Birnbaum IM.
The Birnbaum and Criticality IMs are complementary; however, there is no conclusion about which of them is the better one. It will depend on whether the event has to be analysed using the topology of the tree, where the Birnbaum IM is used. The Criticality IM is recommended in cases where the event needs to be studied in terms of the probability of the event and the system, together with the topology. If rare events need to be analysed, the Criticality IM should be used.
Preventive maintenance strategy
The approach proposed in this paper provides quantitative results that facilitate diagnostic and prognostic tasks. The diagnostic tasks are performed by setting the condition of the system and identifying the critical components. The objective of prognostics is to determine the state of the system at a certain point in time.
The information provided by IMs (see Figures 4  and 5 ) is used in a diagnostic task. For the case of a system failure, the events that make a major contribution to the probability of a system failure can be identified. The data shown in Figure 5 allow the components to be classified based on their importance and a priority ranking of events to be established.
This approach leads to the development of dynamic preventive maintenance planning. The results provided by the dynamic analysis allow the tasks to be assigned based on the reliability of the system. The approach presented in this paper consists of the following steps 1. Set a threshold that determines the maximum allowed level of unavailability. 2. Determine the cut-off point between the system failure probability and the established threshold. 3. Identify when a certain system failure probability is reached. 4. Determine the most important events at the critical cut-off point. 5. Assign maintenance tasks based on these events in order to maximize the reliability of the system. Figure 10 shows the probability of a system failure as a function of time, where the unavailability threshold is represented by the horizontal dashed line, the cut-off point is marked with a circle and the failure probability (horizontal line) at a certain time is given by the vertical dashed line. It corresponds to the 13th sample in Figure 10 . Figure 11 presents a cross-section of Figure 9 at the 13th sample, where the most influential events are highlighted. Table 1 classifies the events into three groups, A, B and C, based on their importance. This classification is not necessarily constant, i.e. the size of the groups depends on the amount of resources to be allocated and the reliability that is required to be obtained. This flexibility allows an optimized online decision-making process to be developed by automatically choosing the correct number of events. The nonlinearity of the system can lead to more events than necessary being chosen when a specific reduction in the system failure probability is required.
The occurrence probability of an event is reduced to zero when it requires a maintenance action. Figure 12 shows the probability of system failure as a function of time. This probability decreases depending on the components requiring repair. The number of events taken into account determines the period of time that the system will be below the threshold. This leads to the decision-making problem being solved dynamically as the criteria can change over time. Figure 12 was obtained using a variable time increment: from zero to 10, the time increment is five times bigger than the increment used from 10 to 23. This is an important advantage because the critical zone (dashed square) can be analysed in fine detail.
The reduction in the system failure probability obtained in the 14th sample by the event set A, B and C is 13.38, 24.06 and 38.15%, respectively (see Figure 12 ).
Conclusions
A novel quantitative FT analysis of a set of points was performed in order to set diagnostic and prognostic tasks. A FT was used in a real case study of a M63-type set of points; the logical interactions between main events or components were considered in detail. The values of the probability of the occurrence of an event were set following advice from area experts. Then a quantitative analysis was performed using a BDD. The AND method was used to rank the events. A BDD is an acyclic structure that allows the probability of failure of the points to be obtained by taking into account all the possible alternatives that could lead the system to fail. BDDs are used because Figure 11 . The dynamic Criticality IM. Table 1 . Classification of events based on their importance (see Figure 11 ).
Group Scope Number of events Events
A 3% more important events 5 e59, e36, e81, e71,e110 B 15% more important events 20 A & e35, e37, e38 , e46, e47, e57, e60, e68, e70, e79, e84, e108, e109, e111, e112 C 25% more important events 35 A & B & e41, e44, e45, e54, e55, e58, e69, e72, e76, e77, e78, e82, e83, e113, e114 .
they provide an analytical expression of the system failure probability in a reasonable computation time, they consider the probabilities of basic events, and they allow dynamic simulations, e.g. the calculation of the IMs as a function of time. The flexibility of the approach allows a dynamic analysis with a variable time increment and thus a detailed study of a specific period of time, e.g. for any failure distribution that could be used, a shorter increment at beginning and end of the life cycle of the event.
The Criticality IM gives useful information for diagnosis tasks. It presents the probability of an event, stating if it is critical for the system and that the event occurs when the system has failed. The IM allows the diagnosis of the system. The system failure probability over time was used to set maintenance strategies in order to keep the probability under a desired threshold. A dynamic analysis of the IMs was used to create a maintenance plan that contributes to improved decision-making by optimizing resources. A case study of this approach was presented, and a reduction of 13.86% was obtained by considering 3% of the events. The classification is flexible, i.e. the size of the groups of events depends on the resources to be allocated. This flexibility allows the development an optimized online decisionmaking process that considers the nonlinear nature of the system.
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The events descriptions and occurrence probabilities
The events descriptions and occurrence probabilities are listed in Table 2 . FT for a M63 type set of points The FT for a M63 type set of points is shown in Figure 13 . Parameters of the probability functions The parameters of the probability functions are shown in Table 3 . Table 3 . The parameters of the probability functions. 
